To implement effective policies and strategies to control air pollution, it is crucial to obtain accurate air quality data. Stationary 10 air monitoring stations (AMSs) help local authorities and environmental agencies in achieving these goals; however, these measurements have limitations. AMSs provide detailed temporal data on air quality, but only at discrete locations at relatively and relative humidity as independent variables. The R 2 of CO, NO, NO2, and O3 gas sensors are 0.96, 0.97, 0.81, and 0.95 respectively, while the R 2 of PM2.5 particle sensor is 0.6. B4 sensors are sensitive to ambient conditions such as temperature and relative humidity. The results with OPC-N2 differs from the AMS indicating further developments are needed to enable more accurate PM2.5 measurements.
for determination of whether it is safe to advect flow into the sensor array. Subsequently, the sample air flows through a 3-way valve and heater to maintain temperature and humidity levels within desired targets. Finally, a 3-way connector distributes the air to sensor areas.
The MAAQSbox holds seven gas sensors and two particle sensors. The gas sensors included in the calibration are CO, O3, 100 NO2, and NO (B4 sensors AlphaSense, Inc.) and particle that measures PM1, PM2.5, and PM10 (OPC-N2 AlphaSense Inc.).
These sensors were installed in a Flow Sensing Cell Apparatus (FSCA). The FSCA was designed considering the sensor dimensions and the flow required for low residence time that is < 10 s.
The environmental sensors include a humidity sensor (HX71-VI, Omega), an optical rain sensor that detects increased the refraction of light on the windshield due to the presence of water, and the water sensor that detects the amount of water 105 collected in a water trap associated with the impactor as shown in Fig. 1 . The heater system allows the MAAQSbox to maintain the temperature in the sensor measurement area at 28°C. The heater was developed to withstand winter in Minneapolis-Saint Paul metro area because low temperatures can affect sensor performance and high relative humidity levels can damage the sensors. 115
The Arduino is an open-source platform used for building electronic projects. In the MAAQSbox, Arduino controls the pumps and valves and uses data from the humidity sensor, the water sensor, the temperature sensor, and the rain sensor. The Arduino prevents rainwater or high humidity from entering the system in two ways. When the rainwater sensor detects droplets, the pumps are turned off and the valves are switched to bypass the sensors. Similarly, if the relative humidity is equal or higher than 80%, the valves switch to bypass the sensors. Fig.2 shows the support process using Arduino. 120 This board reads the instantaneous (1 Hz) value of any sensor following the 0-10 V standard (Yoctopuce, 2018a). The outputs from OPC-N2 are read by Yocto-SPI. The humidity, rain, and water sensors and valve position are read by Arduino. All data from Arduino is sent to Yocto-Serial. All the sensors and Arduino data are broadcast by YoctoHub-GSM-3G. The YoctoHub-GSM-3G is a wireless-enabled module to access Yocto-0-10V-Rx, Yocto-RS232, Yocto-SPI, and Yocto-Serial remotely 130 through a 3G GSM cellular network (Yoctopuce, 2018b) . However, the data were retrieved by each Yocto board and Python instead of YoctoHub-GSM-3G. The sensors were set to collect data at 1 Hz.
Sensor Technology

NO2, NO, CO, and O3 Sensors
The NO2, NO, CO, and O3 gases are measured by AlphaSense B4 sensors. A B4 sensor contains three main components. As 135 shown in Fig.3 , from the top to the bottom, the first component is a gas chamber and a filter to improve gas selectivity. The second is an electrochemical cell where four electrodes are in a liquid electrolyte solution. Finally, in the lower section there is a reservoir of electrolyte solution and connections to the electrodes (Baron and Saffell, 2017) . AlphaSense B4 sensors are electrochemical cells that generate a current that is linearly proportional to the fractional volume of the target gas species. Each sensor contains Working, Auxiliary, Reference, and Counter electrodes (Spinelle et al., 2015) . The target gas diffuses through 140 a membrane where electrochemical oxidation (NO and CO) or reduction (NO2 and O3) occurs at the working electrode, generating a current signal (Mijiling et al., 2017; Spinelle et al., 2015) . This electric signal is balanced by the counter electrode (AlphaSense, 2018; Mijiling et al., 2017) . The reference electrode anchors the working electrode and helps to maintain working electrode performances and its sensitivity (AlphaSense, 2018) . The auxiliary electrode is not exposed to the target gas. This is to provide the background current to the current observed in the working electrode (Baron and Saffell, 2017 ). An individual 145 sensor board also designed by AlphaSense was used to reduce environment noise achieving reported ppm or ppb resolution in accordance with the sensor specifications (AlphaSense, 2016; Mijiling et al., 2017) . The calibration of LCMAQM sensors were determined by multivariate linear regressions (MLR); the independent variables 205 were signals and data from LCMAQM and environmental sensors, while the dependent variable was the concentration of air pollution from AMS. The independent variables of MLR for LCMAQM gas sensors (NO2, NO, CO, and O3) were We and Ae sensor signals. Also, temperature and humidity in the MAAQSbox were included as independent variables in MLR.
The particle sensor is handled differently. The OPC-N2 provides the air pollution concentration in microgram per cubic meter (µg m -3 ) as a factory calibration; however, MLR was still performed to calibrate the PM2.5 concentration. The MLR includes 210 as independent variables the OPC-N2 data, temperature, and humidity. The OPC-N2 calibration was conducted with the AMS particle sensor as a reference.
We assumed the relationship between independent variables and the dependent variable is linear. This assumption is justified for three reasons. First, the scatter plot of data suggests a straight-line model. Second, MLRs were used in other projects using the same sensor technologies Cross et al., 2018; Hagan et al., 2018) . Third, the linear relationship between 215 variables is generally the most parsimonious (Lewis-Beck, 1980) . The coefficient of determination (R 2 ) and the adjusted coefficient of determination (adjusted-Restimator that increases as independent variables are added to the model, the adjusted-R 2 reduces the bias (Ricci, 2010) , allowing different models to be compared. The range of p-value is between zero and one. A low p-value (<0.05) indicates that a specific independent variable is meaningful for the best-fitted model. However, it does not provide information about the 220 magnitude of the impact of a specific variable (Goodman, 2008) .
The root-mean-square error (RMSE) is the root-mean of the square of the difference between the observed value (data from AMS) and the predicted value. The RMSE is a measurement of goodness of fit, lower RMSE means lower error or better fit of MLR. The regressions were performed in Matlab by minimizing the sum of the squared errors. The procedure to determine the variables that is included in the best-fitted model for gas sensors is the following: 225 1. Perform a regression with the working electrode (We) and the auxiliary electrode (Ae) sensor signals.
2. Perform a regression with the We and the Ae but including the data from temperature and humidity sensors.
3. Compare the Adjusted-R2 of the both regressions.
4. Evaluate the p-value of the temperature and humidity sensor data.
5. If the p-value is >0.05 and the Adjusted-R2 did not increase, the variable will be removed from the model, performing 230 another regression.
There is a known cross-sensitivity of O3 and NO2 with the AlphaSense sensors (Spinelle et al., 2015; Mijiling et al., 2017;  manufacturer guidelines) so O3 was included in the NO2 calibration and NO2 in the O3 calibration. For PM2.5 best-fitted model, instead of the We and Ae, the concentration in µg m -3 provided by the sensor is used.
Results 235
Models
The Eqs. (2-6) listed below represent the best-fitted model for each sensor. CO and NO sensor models include the working and auxiliary electrodes, temperature, and humidity. The NO2 and O3 contain the working and auxiliary electrodes, temperature, and humidity, but also working and auxiliary electrodes of other sensors including the cross-sensitivity effect.
The OPC-N2 contains the sensor signal and temperature. The details of each model and the independent variables included are 240 presented below. Where B0 is the intercept when all independent variables are zero, Bx is the regression coefficient, We is working electrode of x sensor, Ae is auxiliary electrode of x sensor, T° is temperature in Celsius, and RH is relative humidity. 250
As shown in Table 1 , the gas sensors correlate well measured data from the AMS, with R2 > 0.9 for all but NO2 which has R 2 = 0.81. The fit improved for all gas sensors when the temperature and humidity were included, lowering RMSE in all cases.
The largest effect in RMSE due to inclusion of the temperature and humidity was in NO sensor, which was reduced from RMSE = 8.1 to 3.4. Table 1 . Calibration results of B4 gas sensors and OPC-N2. The first column is the sensor air pollution; the second column is the number of samples in hours; the third is the coefficient of determination (R 2 ); the fourth is the root-mean-square error; the fifth and sixth columns are the R 2 adjusted without and with temperature and humidity respectively; and seventh is the average of the measurements of AMS. The adjusted-R 2 increased from 0.946 to 0.956 for CO; from 0.835 to 0.971 for NO; from 0.742 to 0.804 for NO2; from 0.928 to 0.945 for O3. Including the temperature and humidity data all the gas sensor models improved their capacity to predict the 265 concentrations. The p-values of the temperature and humidity data for all gas sensor models are lower than 0.05. Thus, we can conclude that temperature and humidity are significant variables in the process of calculate the concentrations. The PM2.5 sensor had varied performance with an R 2 = 0.599. The PM2.5 increased from 0.542 to 0.593 but only including temperature as new independent variable. The relative humidity was not included in the model because the p-value is higher than 0.05. 270
Figs. 5(a-e) show the results of low-cost sensors and reference sensors for each species tested. The abscissa represents the time of measurements and ordinate represents the concentration of pollutant. In CO (Fig. 5(a) ) the results present similar trends.
The mean of the differences between AMS and MAAQSbox is 0.038 ppm for a mean CO concentration of 0.36 ppm. However, there are differences of ~0.1 ppm during a few hours (12 data points) of the calibration, specifically at AMS concentrations higher than 0.5 ppm. The one-hour average standard of EPA is 35 ppm; thus, the CO sensor measurements here were at 275 concentrations far below the EPA standard, detecting reliably at concentrations down to 0.1 ppm. The NO (Fig. 5(b) ) sensor and references also have a similar trend. There are twenty hourly averages where there were differences between ~5 ppb and 11 ppb at concentrations of ~1 ppb and concentrations higher than 30 ppb. This represents 13% of the sample. The NO2 (Fig.   5(c) ) is shown to have differences between ~5 ppb and 6 ppb. These differences are found at low, high, and average concentrations. The mean of measured concentrations over our study window was 14.6 ppb while one-hour average EPA 280 standard is 100 ppb. The O3 sensor and reference presents a similar trend. As is shown in Fig. 5(d) , the O3 sensor is accurate in all levels of measured concentrations. The average of concentrations is 12.4 ppb while eight-hour average standard of EPA is 70 ppb. The PM2.5 average of AMS measurements is 5.2 µg m -3 and average of the differences between AMS and
MAAQSbox is 3 µg m -3 . The differences higher than 5 µg m -3 are found in AMS concentrations higher than 9 µg m -3 and lower than 5 µg m -3 . It is important to mention that 8% of the data from AMS are negative concentrations suggesting possible 285 issues with this instrument. As shown in Fig. 5 (e) the OPC-N2 does not track well the trends in the first fifty hours. During these hours OPC-NO2 does not track the peaks and lowest concentrations. Figs. 6(a-e) are scatterplots where the ordinate is data from sensors (MAAQSbox) while abscissa represents the data from reference (AMS). CO (Fig. 6 (a) ), NO (Fig. 6 (b) ), and O3 (Fig. 6 (d) ) present higher slope, which means better fit to the data from AMS than the data for NO2 and OPC-N2. The slopes are 0.99, 0.98, and 0.95 for CO, NO, and O3 sensor respectively. 295
The Fig. 6(c) shows the data for NO2. There is more scatter in the data compared to that from CO, NO, and O3. The slope of NO2 is 0.79. The OPC-N2 data are presented in Fig. 6(e) , which has the worst comparison between AMS and MAAQSbox data with a fit slope of 0.59. There are several outliers, especially in high concentrations. Removing the four highest concentrations (boxed) the slope improves to 0.71. 
Conclusions
We evaluated low-cost CO, NO, NO2, O3 B4 sensors, and OPC-N2 particle sensor, all of them produced by AlphaSense. The CO, NO, and O3 sensors presented a high R 2 (> 0.9), which shows good agreement with the fitted regression line. These values are similar compared to other projects using the same technology. The NO2 sensor presents an R 2 = 0.81, which is below that 310 of the other B4 sensors. Poorer performances for NO2 has also been reported by other researchers where R 2 = 0.4to 0.89 Mijiling et al., 2017) . The OPC-N2 shows an R 2 = 0.599. This result also is similar to other experiences using OPC-N2.
The commercially provided sensor B4 sensitivity and equation to convert outputs from volts to relevant units of pollution concentration (ppm or ppb) did not provide agreement between measured and reference values. Use of the default manufacturer 315 relations resulted in non-physical negative concentrations and larger gap between MAAQSbox and AMS data. In this context, building a model using MLR reduce the gap between sensors and AMS results. The temperature and relative humidity increase the R 2 of the all models, thus they must be included in the calculation of concentrations. The calibration in the field is highly recommended before conducting any measurements with these low-cost sensors, which have been shown to be affected by temperature and relative humidity. The calibration must be conducted periodically because the sensitivity of sensor changes 320 over time, which we anticipate to be ~3 months. With appropriate calibration and monitoring of sensor performance we conclude that the MAAQSbox sensing platform can achieve reliable ambient air quality measurements for most of the pollutants examined.
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